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ABSTRACT 
Methods , systems , and apparatus for solving optimization 
tasks . In one aspect , a method includes receiving input data 
comprising ( i ) data specifying an optimization task to be 
solved , and ( ii ) data specifying task objectives for solving 
the optimization task , comprising one or more local task 
objectives and one or more global task objectives ; process 
ing the received input data to obtain one or more initial 
solutions to the optimization task based on the local task 
objectives , wherein at least one initial solution is obtained 
from a first quantum computing resource ; and processing the 
generated one or more initial solutions using a second 
quantum computing resource to generate a global solution to 
the optimization task based on the global task objectives . 

( 21 ) Appl . No . : 16 / 051 , 024 

( 22 ) Filed : Jul . 31 , 2018 

( 63 ) 
Related U . S . Application Data 

Continuation of application No . 15 / 466 , 342 , filed on 
Mar . 22 , 2017 , now Pat . No . 10 , 095 , 981 . 

pe . . . ee . . See . . . . . . . . . . . 
MYVINNYTYYTYMMTM 

worbent Analytics platform 126 
mmm 

Task objectives 
112 Aggregation 118 Subgraph 122 

Pogonagenocoonogaogongcogan 

Data 
quality 

116 
VIDEO SOCIOECOCIDOSCOOT EID 

Local 112a Forecasting 120 Cache 124 oopgoogoosepgoose van 
. . . . . . . . . . . . . . . . . . . . . . SPORA 

PAMATDARAMIDALGICAL 

9 Global 112b Ouiput Inpui 
data Actions 

138 Global optimization engine 106 TIL 136 Integration Layer 114 DOGODORONGGOL Broker KOOKOO 000000OOOOOOOOOOOOOOOOOOOOOOOOOO ?????????????????? Local optimization engine 108 wwwwwww awowarcowocowansowane Work Flow 134 DODAO . . . wwwwwwwwwwwwwwwwwwwwwwwww TTTTTTTTTT GIROTZETATE H WYTWTWIADAMIASTATO ????????????????????????? Monitoring 128 

german a menanaman menanaman 

Security 130 
42SHARRASKURSUS ASAHARASA 

Router 132 
SOLISTIROLEREDORES 

BOROSIR O c casions ATTREZZA 

??????? Quantum 
annealers 

Quantum 
Circuit 
1100 

wwwwww ?????????????????? Quantum 
simulator 

110c 

Classical 
processor 



100 

Analytics platform 126 

bo 

333333333333333333333333333333333333333333333333333333333 
DOOOOOOOOOOOO ! 

Task objectives 

Patent Application Publication 

WWW . 

Data 

Aggregation 118 

quality 

112 

Subgraph 122 

SOODDODDoceso desconosco 

OOOOOOOOOG . 

Local 112a 

SoooooOOK 

Forecasting 120 

Cache 124 

272727 

Global 112b 

Input data 

1111111 

Output data 

Actions 

JOVAROR 

Global optimization engine 106 

wapod101 . PNV BA 

Integration Layer 114 

Broker 136 

amma 

Local optimization engine 108 

M 

Work Flow 134 
WWWWWWWWWWWWWWWWWWWWWWWWWwwww . 

Dec . 20 , 2018 Sheet 1 of 5 

apoooooooooooooooooooooooooooooooo00000000000oppogoooooo 
00000000 

0 00000000000000000000000 

00 

Monitoring 128 Security 130 

Soo 

dsadressidades soc 

ioeco 
nds 

and 

Router 132 
Announ 

WWWAARO 
gogogogogogogogogo 

3 333333 

Quantum annealers 
Quantum Circuit 

Ecocco ODDODDDDDDDDDDDDDD 
donna 

Quantum simulator 110c 
Classical processor BARAN 

US 2018 / 0365586 A1 

9900 

PVPODLPVVV 

PVVVVVVVVVVVVVV 
FIG . 1A 



Patent Application Publication . Dec . 20 , 2018 Sheet 2 of 5 US 2018 / 0365586 A1 

f 

- 

- - - - - - 

" 
- { ??????????????????????????????? - 

* * * * * * * * . . . ? 

FIG . 1B 



Patent Application Publication Dec . 20 , 2018 Sheet 3 of 5 US 2018 / 0365586 A1 

9000??????????????????????????????? ???????????? 

Task 
objectives 112 

Forecast of 
global 

solutions 226 

Previous 
global 

solutions 224 Local 1122 

Global 
VODOODPORODIJ UODOS OUVIDJDJDJO SUDOVOU VODOU ODPOVODOUDOIDO Input data 

102 Global optimization 
engine 106 gogogos ????????????????????????????????????? 

AWAMAMARAAR A RA bogogog000000000000 Local optimization engine 108 Odos 

??????????????????????????????? Comparison module 206 KYY Output data 

OOR JOSosoSoBoocpSoSoSCOGOSOSOSODOCOCOSODORODOSOSOSOOCOSOSOSROOROCOSASCO OpsosogaODOGOGOOOOOOOOOOSOOOOOOOOOOSOSCOVOGOSOSOROGO ocosococos 

XOS Data 
representing 
sub - task ???????????????????????????????????? maandagoco doooooooooooooooooooooooooooooooo Input data 

212 112b 
224 , 226 210 

Doggyosgenoegugsoovosgog00000 Data 
representing 
initial solution 

212 
ManaMdanaMdA Data 

representing 
global 

solution 222 
bosonogo 

Quantum computing 
resource 204 

Quantum computing 
resource 214 

O ooooooooo0000000000000000000000000 poogooooooooo0000000000000oooooooooooooooo 

Quantum 
hardware DOKH WOODWOXogo Quantum 

hardware 
218 

FoopgogoCOOOOOOOOOOOOOOOOOOOOOOoooo00000000000000000000000000 soooooooooooooooooooooooooooooooooooooo 

FIG . 2 



Patent Application Publication Dec . 20 , 2018 Sheet 4 of 5 US 2018 / 0365586 A1 

Receive input data including data specifying ( ) 
optimization task to be solved , and ( ii ) 

objectives for solving the optimization task 
302 + 

Process received input data to obtain multiple 
initial local solutions to the optimization task 

based on local task objectives 

Process generated multiple initial solutions 
using a second quantum computing resource to 
generate a global solution to the optimization 

task based on global task objectives 908 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * w ww Wwwwwwww 

FIG . 3 pog 



Patent Application Publication Dec . 20 , 2018 Sheet 5 of 5 US 2018 / 0365586 A1 

Compare generated global solution to global 
constraints to determine whether global osasus Yes solution sufficiently satisfies the global task 

objectives 402 

Provide initial 
y solutions as 

output 
www 

9000 94000 

mg 

Generate modified input data specifying ( 0 ) 
optimization task to be solved , and ( 1 ) 

modified local task objectives for solving the 
optimization task podvodovodovodovodoodblooooooooooooooooooooooooooooooo WWWWWWWWWWWWWWWWWWWWWWW wwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwWWWWWWWWW 

Process received modified input data to 
obtain multiple modified local solutions to the 
optimization task based on modified local 

task objectives 
C ORORO 

Process generated multiple modified 
solutions using a second quantum 

computing resource to generate a modified 
global solution to the optimization task based 

on global task objectives 
??????????????????????????????????????????????????????????????????????????????????????????????????????? 

FIG . 4 



US 2018 / 0365586 A1 Dec . 20 , 2018 

MULTI - STATE QUANTUM OPTIMIZATION 
ENGINE 

CROSS - REFERENCE TO RELATED 
APPLICATIONS 

[ 0001 ] The present application is a continuation applica 
tion of U . S . patent application Ser . No . 15 / 466 , 342 for 
Multi - State Quantum Optimization Engine , to Daniel Gar 
rison , Andrew E . Fano , and Jurgen A . Weichenberger , filed 
Mar . 22 , 2017 , now allowed . The disclosure of the foregoing 
application is incorporated by reference in its entirety . 

BACKGROUND 
[ 0002 ] An optimization task is a task of finding a best 
solution to a problem from all feasible solutions to the 
problem . To perform an optimization task , quantum hard 
ware , e . g . , a quantum computing device , may be constructed 
and programmed to encode the solution to a corresponding 
machine optimization problem into an energy spectrum of a 
many - body quantum Hamiltonian characterizing the quan 
tum hardware . For example , the solution is encoded in the 
ground state of the Hamiltonian . 

SUMMARY 
[ 0003 ] This specification relates to solving optimization 
tasks using a multi - state quantum optimization engine . The 
optimization engine generates solutions to optimization 
tasks by making nested calls to multiple quantum computing 
devices . A first call to a quantum computing device may be 
performed to generate one or more local solutions to the 
optimization task . A second call to a quantum computing 
device may be performed to generate a global solution to the 
optimization task that is based on the generated one or more 
local solutions . 
[ 0004 ] In general , one innovative aspect of the subject 
matter described in this specification can be implemented in 
a method for solving an optimization task using a system 
including multiple computing resources , wherein the mul 
tiple computing resources comprise at least one quantum 
computing resource , the method including the actions of 
receiving input data comprising ( i ) data specifying the 
optimization task to be solved , and ( ii ) data specifying task 
objectives for solving the optimization task , comprising one 
or more local task objectives and one or more global task 
objectives ; processing the received input data to obtain one 
or more initial solutions to the optimization task based on the 
local task objectives , wherein at least one initial solution is 
obtained from a first quantum computing resource ; and 
processing the generated one or more initial solutions using 
a second quantum computing resource to generate a global 
solution to the optimization task based on the global task 
objectives . 
[ 0005 ] Other implementations of this aspect include cor 
responding computer systems , apparatus , and computer pro 
grams recorded on one or more computer storage devices , 
each configured to perform the actions of the methods . A 
system of one or more computers can be configured to 
perform particular operations or actions by virtue of having 
software , firmware , hardware , or a combination thereof 
installed on the system that in operation causes or cause the 
system to perform the actions . One or more computer 
programs can be configured to perform particular operations 

or actions by virtue of including instructions that , when 
executed by data processing apparatus , cause the apparatus 
to perform the actions . 
[ 0006 ] The foregoing and other implementations can each 
optionally include one or more of the following features , 
alone or in combination . In some implementations the 
method further comprises comparing the generated global 
solution to the optimization task with the global task objec 
tives to determine whether the generated global solution 
sufficiently satisfies the global task objectives . 
[ 0007 ] In some implementations the method further com 
prises , in response to determining that the generated global 
solution sufficiently satisfies the global task objectives , 
providing as output data representing the one or more initial 
solutions to the optimization task . 
[ 0008 ] In some implementations the method further com 
prises , in response to determining that the generated global 
solution does not sufficiently satisfy the global task objec 
tives : generating modified input data comprising ( i ) data 
specifying the optimization task to be solved , and ( ii ) 
modified local task objectives for solving the optimization 
task ; processing the received modified input data to obtain 
one or more modified solutions to the optimization task 
based on the modified local task objectives , and processing 
the generated one or more modified solutions using the 
second quantum computing resource to generate a modified 
global solution to the optimization task based on the global 
task objectives . 
[ 0009 ] In some implementations generating modified 
input data comprises applying deep learning regularization 
techniques to the received input data to generate biased input 
data . 

[ 0010 ] In some implementations processing the received 
input data to generate one or more initial local solutions to 
the optimization task comprises : partitioning the optimiza 
tion task into one or more sub - tasks ; and for each sub - task : 
identifying local task objectives relevant to the sub - task ; 
routing ( i ) the sub - task , and ( ii ) the identified local task 
objectives to respective computing resources included in the 
system ; and obtaining a respective solution to the sub - tasks 
from the respective computing resources included in the 
system . 
[ 0011 ] In some implementations partitioning the optimi 
zation task into one or more sub - tasks comprises represent 
ing the optimization task as a graph and partitioning the 
graph into minimally connected sub graphs . 
[ 0012 ] In some implementations processing the generated 
one or more initial local solutions to obtain a global solution 
to the optimization task based on the global task objectives 
further comprises processing the generated one or more 
initial local solutions and additional data comprising one or 
more of ( i ) data representing obtained global solutions to 
previously received optimization tasks within a predeter 
mined time frame , ( ii ) data representing a forecast of future 
received optimization tasks within a remaining predeter 
mined time frame , ( iii ) data representing a solution to the 
optimization task that is independent of the global task 
objectives , to obtain the global solution to the optimization 
task based on the global task objectives . 
[ 0013 ] In some implementations the second quantum 
computing resource is a quantum annealer . 
[ 0014 ] In some implementations the global solution to the 
optimization task based on the global task objectives is 
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mization tasks from a wide range of applications , including 
but not limited to machine learning , sampling / Monte Carlo , 
information security , pattern recognition , image analysis , 
systems design , precision agriculture , scheduling , network 
design and bioinformatics . In addition , the multi - state quan 
tum optimization engine may be used to provide complex 
real - time recommendation support . 
0024 ] Typically , the number of variables that can be 
efficiently described by a purely classical multi - state system 
is restricted . The multi - state quantum optimization engine , 
as described in this specification , combines quantum tech 
nology with classical technology in such a manner that 
allows the system to describe an increased number of 
variables compared to a classical multi - state system . In 
addition , the multi - state quantum optimization engine may 
apply spherical description of computational tasks and apply 
multi - shell projections from the core of the sphere towards 
the surface . Therefore , solutions to computational tasks 
generated by the multi - state quantum optimization engine 
may be more accurate than solutions generated by a classical 
multi - state optimization system . In addition , the multi - state 
quantum optimization engine may be applied to a wider 
range of computational tasks than a classical multi - state 
system . 
[ 0025 ] The details of one or more implementations of the 
subject matter of this specification are set forth in the 
accompanying drawings and the description below . Other 
features , aspects , and advantages of the subject matter will 
become apparent from the description , the drawings , and the 
claims . 

BRIEF DESCRIPTION OF THE DRAWINGS 

encoded into an energy spectrum of a problem Hamiltonian 
characterizing the quantum annealer . 
[ 0015 ] In some implementations processing the generated 
one or more initial local solutions to obtain a global solution 
to the optimization task comprises performing a quantum 
annealing schedule task based on at least the data represent 
ing a forecast of future received optimization tasks within a 
remaining predetermined time frame . 
[ 0016 ] . In some implementations processing the received 
input data to obtain one or more initial solutions to the 
optimization task based on the local task objectives com 
prises performing a first set of algorithms ; processing the 
generated one or more initial solutions using a second 
quantum computing resource to generate a global solution to 
the optimization task based on the global task objectives 
comprises performing a second set of algorithms ; and the 
first set of algorithms is different to the second set of 
algorithms . 
[ 0017 ] In some implementations the initial solutions to the 
optimization task comprise probabilistic solutions to the 
optimization task . 
[ 0018 ] In some implementations the received input data 
specifying task objectives for solving the optimization task 
comprise static data and real - time data . 
[ 0019 ] In some implementations the multiple computing 
resources comprise one or more of ( i ) quantum gate com 
puters , ( ii ) quantum annealers , or ( iii ) quantum simulators . 
[ 0020 ] The subject matter described in this specification 
can be implemented in particular ways so as to realize one 
or more of the following advantages . 
[ 0021 ] For some optimization tasks , quantum computing 
devices may offer an improvement in computational speed 
compared to classical devices . For example , quantum com 
puters may achieve an improvement in speed for tasks such 
as database search or evaluating NAND trees . As another 
example , quantum annealers may achieve an improvement 
in computational speed compared to classical annealers for 
some optimization tasks . For example , determining a global 
minimum or maximum of a complex manifold associated 
with the optimization task is an extremely challenging task . 
In some cases , using a quantum annealer to solve an 
optimization task can be an accurate and efficient alternative 
to using classical computing devices . 
[ 0022 ] A multi - state quantum optimization engine , as 
described in this specification , uses nested calls to quantum 
computing devices to solve optimization tasks . The multi 
state quantum optimization engine uses both classical and 
quantum computing devices , increasing the computational 
capabilities of the optimization engine compared to optimi 
zation engines that do not include both classical and quan 
tum computing devices . In addition , by using nested calls to 
quantum computing devices , the multi - state quantum opti 
mization engine may iteratively determine one or more local 
solutions to the optimization task that , together , achieve one 
or more global objectives of the optimization task . Such 
local solutions may be used to perform actions on a system 
defining the optimization task , improving the efficiency 
and / or cost effectiveness of the system . Furthermore , by 
incorporating dynamic input data , the multi - state quantum 
optimization engine may generate global or local solutions 
to an optimization task that are relevant and effective in 
real - time . 
10023 ] A multi - state quantum optimization engine , as 
described in this specification , may be used to solve opti 

[ 0026 ] FIG . 1A depicts an example multi - state quantum 
optimization engine . 
[ 0027 ] FIG . 1B depicts an example visualization of a 
global search space and local search space . 
[ 0028 ] FIG . 2 depicts an example global optimization 
engine . 
[ 0029 ] FIG . 3 is a flow diagram of an example process for 
generating a global solution to an optimization task based on 
one or more global task objectives . 
[ 0030 ] FIG . 4 is a flow diagram of an example iteration of 
generating one or more local solutions to an optimization 
task based on one or more global task objectives . 
[ 0031 ] Like reference numbers and designations in the 
various drawings indicate like elements . 

DETAILED DESCRIPTION 
[ 0032 ] This specification describes a system and method 
for performing optimization tasks , e . g . , optimization tasks , 
using nested calls to one or more quantum computing 
devices . The quantum computing devices include quantum 
annealers , and optionally quantum simulators or quantum 
gate computers . The system receives input data specifying 
an optimization task to be solved and corresponding task 
objectives . A first set of calls to a set of computing devices 
including at least one quantum computing device obtains a 
set of initial local solutions to the optimization task , e . g . , 
locally optimal solutions . Based on the set of initial local 
solutions , a second set of calls to the computing devices , in 
particular to a quantum annealer , obtains a solution to the 
optimization task , e . g . , a globally optimal solution . 
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[ 0033 ] In some cases , an obtained solution may be com 
pared to global task objectives , e . g . , global targets , for the 
optimization task . If the obtained solution sufficiently sat 
isfies the global task objectives , corresponding initial solu 
tions may be used to determine one or more actions to be 
taken , e . g . , adjustments to optimization task parameters . If 
the obtained solution does not sufficiently satisfy the global 
task objectives , the system may iteratively repeat the process 
of obtaining a solution to the optimization task based on 
modified input data until a solution that sufficiently satisfies 
the global task objectives is obtained . 

Example Operating Environment 
[ 0034 ] FIG . 1A depicts an example multi - state quantum 
optimization engine 100 . The multi - state quantum optimi 
zation engine 100 is an example of a system implemented as 
computer programs on one or more classical or quantum 
computing devices in one or more locations , in which the 
systems , components , and techniques described below can 
be implemented . Components of the multi - state quantum 
optimization engine 100 may be interconnected by a digital 
and / or quantum data communication network . 
10035 ] The multi - state quantum optimization engine 100 
is configured to receive as input data representing an opti 
mization task to be solved , e . g . , input data 102 . For example , 
in some cases the multi - state quantum optimization engine 
100 may be configured to solve multiple optimization tasks , 
and the input data 102 may be data that specifies one of the 
multiple optimization tasks . The input data 102 representing 
the optimization task to be solved may specify one or more 
properties of the optimization task , parameters associated 
with the optimization task , e . g . , parameters over which an 
objective function representing the optimization task is to be 
optimized , and one or more values of the parameters . In 
some cases the input data 102 may include static input data 
and dynamic input data , e . g . , real - time input data . 
10036 ] For example , the input data 102 may be data that 
represents the task of optimizing the design of a water 
network , e . g . , to improve the amount of water delivered by 
the network , or to reduce the amount of water wastage in the 
network . In this example , the input data 102 may include 
static input data representing one or more properties of the 
water network , e . g . , a total number of available water pipes , 
a total number of available connecting nodes or a total 
number of available water tanks . In addition , the input data 
102 may include data representing one or more parameters 
associated with the optimization task , e . g . , level of water 
pressure in each pipe , level of water pressure at each 
connecting node , height of water level in each water tank , 
concentration of chemicals in the water throughout the 
network , water age or water source . Furthermore , the input 
data 102 may include dynamic input data representing one 
or more current properties or values of parameters of the 
water network , e . g . , a current number of water pipes in use , 
a current level of water pressure in each pipe , a current 
concentration of chemicals in the water , or a current tem 
perature of the water . 
[ 0037 ] In some implementations , the input data 102 may 
further include data specifying one or more task objectives 
associated with the optimization task . The task objectives 
may include local task objectives and global task objectives . 
Local task objectives may include local targets to be con 
sidered when solving the optimization task , e . g . , local objec 
tives of a solution to the optimization task . For example , 

local objectives may include constraints on values of subsets 
of optimization task variables . Global task objectives may 
include global targets to be considered when solving the 
optimization task , e . g . , global objectives of a solution to the 
optimization task . 
0038 ] For example , continuing the above example of the 

task of optimizing a water network , the input data 102 may 
further include data specifying local task objectives such as 
a constraint on the concentration of chemicals in the water , 
e . g . , constraining the chemical concentration to between 
0 . 2 % and 0 . 5 % , and on the number of water pipes in use , 
e . g . , constraining the total number of water pipes to less than 
1000 . Another example local task objective may be to 
optimize a particular portion of the water network . In 
addition , the input data 102 may further include data speci 
fying global task objectives such as one or more global 
targets , e . g . , a target of keeping water wastage to below 2 % 
or a target of distributing at least 10 million gallons of water 
per day . 
[ 0039 ] . In other implementations , data specifying one or 
more task objectives associated with the optimization task 
may be stored in the multi - state quantum optimization 
engine 100 , e . g . , in task objective data store 112 . For 
example , as described above , the multi - state quantum opti 
mization engine 100 may be configured to solve multiple 
optimization tasks and the input data 102 may be data that 
specifies one of the multiple optimization tasks . In this 
example , the multi - state quantum optimization engine 100 
may be configured to store task objectives corresponding to 
each optimization task that it is configured to perform . For 
convenience , data specifying one or more task objectives 
associated with the optimization is described as being stored 
in task objective data store 112 throughout the remainder of 
this document . 
[ 0040 ] The multi - state quantum optimization engine 100 
is configured to process the received input data 102 to 
generate output data 104 . In some implementations , the 
generated output data 104 may include data representing a 
global solution to the optimization task specified by the 
input data 102 , e . g . , a global solution to the optimization task 
based on one or more global task objectives 112b . Process 
ing received input data representing an optimization task to 
be solved and one or more objectives for solving the 
optimization task to generate output data representing a 
global solution to the optimization task is described in more 
detail below with reference to FIGS . 2 and 3 . 
10041 ] In other implementations or in addition , the output 
data 104 may include data representing one or more local 
solutions to the optimization task , e . g . , one or more initial 
solutions to the optimization task that are based on local task 
objectives 112a and global task objectives 112b . Local 
solutions to the optimization task may include solutions to 
sub - tasks of the optimization task . For example , local solu 
tions may include solutions that are optimal over a subset of 
the parameters associated with the optimization task , e . g . , 
where the subset is specified by the local task objectives 
112a . That is , local solutions may include solutions that are 
optimal over a subspace , or local space , of a global search 
space of the optimization task . For example , a local space 
may be the result of a projection of a multi - dimensional 
spline representing the global search space to a two - dimen 
sional base space . An example visualization 150 of a global 
search space and local space is shown in FIG . 1B . In FIG . 
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1B , multi - dimensional spline 152 represents a global search 
space , and two - dimensional base space 154 represents a 
local space . 
[ 0042 ] As another example , in cases where the optimiza 
tion task is a separable task , e . g . , a task that may be written 
as the sum of multiple sub - tasks , local solutions may include 
optimal solutions to each of the sub - tasks in the sum of 
sub - tasks , e . g . , where the sub - tasks are specified by the local 
task objectives 112a . Generating one or more local solutions 
to an optimization task based on one or more local and 
global task objectives is described in more detail below with 
reference to FIG . 4 . 
[ 0043 ] For example , continuing the above example of the 
task of optimizing a water network , the output data 104 may 
include data representing a globally optimal configuration 
( with respect to global task objectives , e . g . , wastage targets 
and productivity targets ) of the above described parameters 
associated with the water network optimization task . Alter 
natively or in addition , the output data 104 may include data 
representing multiple local solutions to the water network 
optimization task , e . g . , data specifying an optimal number of 
water pipes to use , an associated water pressure in each pipe , 
or a concentration of chemicals in the water flowing through 
the network . In some implementations , parameter values 
specified by local solutions may be the same as parameter 
values specified by a global solution . In other implementa 
tions , parameter values specified by local solutions may 
differ from parameter values specified by a global solution , 
e . g . , a local solution may suggest a chemical concentration 
of 0 . 4 % , whereas a global solution may suggest a chemical 
concentration of 0 . 3 % . 
[ 0044 ] The output data 104 may be used to initiate one or 
more actions associated with the optimization task specified 
by the input data 102 , e . g . , actions 138 . For example , 
continuing the above example of the task of optimizing a 
water network , the output data 104 may be used to adjust one 
or more parameters in the water network , e . g . , increase or 
decrease a current water chemical concentration , increase or 
decrease a number of water pipes in use , or increase or 
decrease one or more water pipe pressures . 
[ 0045 ] Optionally , the multi - state quantum optimization 
engine 100 may include an integration layer 114 and a 
broker 136 . The integration layer 114 may be configured to 
manage received input data , e . g . , input data 102 . For 
example , the integration layer 114 may manage data trans 
port connectivity , manage data access authorization , or 
monitor data feeds coming into the system 100 . 
[ 0046 ] The broker 136 may be configured to receive 
output data 104 from the multi - state quantum optimization 
engine and to generate one or more actions to be taken , e . g . , 
actions 138 . The actions may include local actions , e . g . , 
adjustments to a subset of optimization parameters , which 
contribute towards achieving local and global targets of the 
optimization task , as described in more detail below with 
reference to FIG . 4 . 
[ 0047 ] The multi - state quantum optimization engine 100 
includes a global optimization engine 106 , which in turn 
includes a local optimization engine 108 . The global opti 
mization engine 106 is configured to receive the input data 
102 and task objectives 112 for the optimization task speci - 
fied by the input data 102 , and to provide the input data 102 
and one or more local task objectives 112a to the local 
optimization engine 108 . 

[ 0048 ] The local optimization engine 108 is configured to 
process the received data to obtain one or more initial 
solutions to the optimization task based on the one or more 
local task objectives 112a , e . g . , one or more local solutions 
to the optimization task . 
10049 ) In some implementations , the local optimization 
engine 108 may be configured to process received data using 
one or more computing resources included in the local 
optimization engine 108 or otherwise included in the multi 
state quantum optimization engine 100 . In other implemen 
tations , the local optimization engine may be configured to 
process received data using one or more external computing 
resources , e . g . , additional computing resources 110a - 110d . 
For example , the local optimization engine 108 may be 
configured to analyze the received input data 102 represent 
ing the optimization task to be solved and the data repre 
senting corresponding local task objectives 112a , and out 
source one or more computations associated with solving the 
optimization task based on the local task objectives 112a to 
the additional computing resources 110a - 110d . 
[ 0050 ] The additional computing resources 110a - 110d 
may include multiple quantum annealer computing 
resources , e . g . , quantum annealers 110a . A quantum 
annealer is a device configured to perform quantum anneal 
ing - a procedure for finding the global minimum of a given 
objective function over a given set of candidate states using 
quantum tunneling . Quantum tunneling is a quantum 
mechanical phenomenon where a quantum mechanical sys 
tem overcome localized barriers in the energy landscape 
which cannot be overcome by classically described system . 
An example quantum annealer is described in more detail 
below with reference to FIG . 2 . 
[ 0051 ] The additional computing resources 110a - 110d 
may include one or more quantum gate processors , e . g . , 
quantum gate processor 110b . A quantum gate processor 
includes one or more quantum circuits , i . e . , models for 
quantum computation in which a computation is performed 
using a sequence of quantum logic gates , operating on a 
number of qubits ( quantum bits ) . 
[ 0052 ] The additional computing resources 110a - 110d 
may include one or more quantum simulators , e . g . , quantum 
simulator 110c . A quantum simulator is a quantum computer 
that may be programmed to simulate other quantum systems 
and their properties . Example quantum simulators include 
experimental platforms such as systems of ultracold quan 
tum gases , trapped ions , photonic systems or superconduct 
ing circuits . 
[ 0053 ] The additional computing resources 110a - 110d 
may include one or more classical processors , e . g . , classical 
processor 110d . In some implementations , the one or more 
classical processors , e . g . , classical processor 110d , may 
include supercomputers , i . e . , computers with high levels of 
computational capacity . For example , the classical processor 
110d may represent a computational system with a large 
number of processors , e . g . , a distributed computing system 
or a computer cluster . 
[ 0054 ] The multi - state quantum optimization engine 100 
includes a router 132 that is configured to determine which , 
if any , computations to outsource to the additional comput 
ing resources 110a - 110d . Determining which , if any , com 
putations to outsource to the additional computing resources 
110a - 110d is dependent on multiple factors , including the 
type of computations , current availability of the additional 
computing resources 110a - 110d , cost of running the addi 
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tional computing resources 110a - 110d , and the type of 
optimization task . For example , in some cases an additional 
computing resource may be configured to perform only a 
limited number of specific optimization tasks or types of 
optimization tasks . 
[ 0055 ] Optionally , the multi - state quantum optimization 
engine 100 may include a monitoring module 128 . The 
monitoring module 128 is configured to monitor interactions 
between and transactions to and from the one or more 
additional computing resources 110a - d . For example , the 
monitoring module 128 may be configured to detect failed or 
stuck calls to one or more of the additional computing 
resources 110a - d . Example failures that can cause a call to 
one or more of the additional computing resources 110a - d to 
fail or get stuck include issues with a transport layer 
included in the system 100 , i . e . , issues with data being 
moved through the cloud , security login failures , or issues 
with the additional computing resources 110a - d themselves 
such as performance or availability of the additional com 
puting resources 110a - d . The monitoring module 128 may 
be configured to process detected failed or stuck calls to one 
or more of the additional computing resources 110a - d and 
determine one or more corrective actions to be taken by the 
system 100 in response to the failed or stuck calls . Alterna 
tively , the monitoring module 128 may be configured to 
notify other components of the system 100 , e . g . , the global 
optimization engine 106 or router 132 , of detected failed or 
stuck calls to one or more of the additional computing 
resources 110a - d . 
[ 0056 ] For example , if one or more computations are 
outsourced to a particular quantum computing resource , and 
the particular quantum computing resource suddenly 
becomes unavailable or is processing outsourced computa 
tions too slowly , the monitoring module 128 may be con 
figured to notify relevant components of the system 100 , 
e . g . , the router 132 or global optimization engine 106 . The 
monitoring system 128 may be further configured to provide 
the relevant components of the system with a suggested 
corrective action , e . g . , instructing the system 100 to out 
source the computation to a different computing resource or 
to retry the computation using the same computing resource . 
Generally , the suggested corrective actions may include 
actions that keep the system 100 successfully operating in 
real time , e . g . , even when resource degradations outside of 
the system 100 are occurring . 
[ 0057 ] Optionally , the multi - state quantum optimization 
engine 100 may include a security component 130 . The 
security component 130 may be configured to perform 
operations relating to the security of the system 100 . 
Example operations include , but are not limited to , prevent 
ing system intrusions , detecting system intrusions , providing 
authentication to external systems , encrypting data received 
by and output by the system 100 , and preventing and / or 
remedying denial of service ( DoS ) . 
[ 0058 ] The local optimization engine 108 is configured to 
provide the one or more obtained initial solutions to the 
optimization task to the global optimization engine 106 . The 
global optimization engine 106 is configured to process the 
received one or more initial solutions to the optimization 
task using a quantum computing resource to generate a 
global solution to the optimization task based on the global 
task objectives 112b . Generating a global solution to an 
optimization task based on one or more initial solutions to 

the optimization task and on one or more global task 
objectives is described in more detail below with reference 
to FIGS . 2 , 3 and 4 . 
100590 Optionally , the multi - state quantum optimization 
engine 100 may include a subgraph module 122 . The 
subgraph module 122 may be configured to partition an 
optimization task into multiple sub - tasks . For example , the 
subgraph module 122 may be configured to analyze data 
specifying an optimization task to be solved , and to map the 
optimization task to multiple minimally connected sub 
graphs . The minimally connected subgraphs may be pro 
vided to the global optimization engine for processing , e . g . , 
such processing may involve providing the subgraphs to the 
additional computing resources 110a - 110d . 
[ 0060 ] Optionally , the multi - state quantum optimization 
engine 100 may include a cache 124 . The cache 124 is 
configured to store previously generated initial solutions and 
global solutions to optimization tasks that the multi - state 
quantum optimization engine has previously been used to 
solve . In some cases this may include initial and global 
solutions to a same optimization task , e . g . , with different 
task objectives or different dynamic input data . In other 
cases this may include initial and global solutions to differ 
ent optimization tasks . The cache 124 may be configured to 
store previously generated initial solutions and global solu 
tions to previously received optimization tasks from a speci 
fied time frame of interest , e . g . , initial and global solutions 
generated within the last 24 hours . The cache may store the 
initial and global solutions with a corresponding label that 
identifies the optimization task to which the solutions 
belong , the task objectives associated with the initial and 
global solutions , and the system input data associated with 
the optimization task . 
[ 0061 ] During operation , the global optimization engine 
106 and local optimization engine 108 may be configured to 
query the cache 124 to determine whether existing initial or 
global solutions to a received optimization task with corre 
sponding task objectives exists in the cache . If it is deter 
mined that existing initial or global solutions do exist , the 
local optimization engine and global optimization engine 
may retrieve the solutions and provide the solutions directly 
as output , e . g . , as output data 104 . If it is determined that 
existing initial or global solutions do not exist , the local 
optimization engine 106 and global optimization engine 108 
may process the received data as described above . 
[ 0062 ] In some implementations , the system 100 may be 
configured to determine whether a solution to a similar 
optimization task is stored in the cache 124 . For example , 
the system 100 may be configured to compare a received 
optimization task to one or more other optimization tasks , 
e . g . , optimization tasks that have previously received by the 
system 100 , and determine one or more respective optimi 
zation task similarity scores . If one or more of the deter 
mined similarity scores exceed a predetermined similarity 
threshold , the system 100 may determine that the optimiza 
tion task is similar to another optimization task , and may use 
a previously obtained solution to the optimization task as an 
initial solution to the optimization task , or as a final solution 
to the optimization task . In some cases similarity thresholds 
may be predetermined as part of an initial learning and 
parameter configuration process . 
[ 0063 ] Optionally , the multi - state quantum optimization 
engine 100 may include a forecasting module 120 . The 
forecasting module 120 forecasts future global solutions and 
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their impact on data entering the system 100 , e . g . , their 
impact on future input data 102 . In some implementations 
the forecasting module 120 may be configured to forecast 
future global solutions within a remaining time of a particu 
lar time frame of interest , e . g . , for the next 10 hours of a 
current 24 hour period . 
[ 0064 ] For example , the forecasting module 120 may 
include forecast data from historical periods of time . Fore 
cast data may be compared to current conditions and opti 
mization task objectives to determine whether a current 
optimization task and corresponding task objectives are 
similar to previously seen optimization tasks and corre 
sponding task objectives . For example , the system 100 may 
include forecast data for a period of interest , e . g . , a 24 hour 
period of interest on a particular day of the week . In this 
example , on a similar day of the week at a later time , the 
system 100 may use forecast data for the period of interest 
to determine whether conditions and optimization task 
objectives for the current period of interest is similar to the 
conditions and optimization task objectives for the previous 
period of interest . If it is determined that the conditions and 
optimization task objectives for the current period of interest 
is similar to the conditions and optimization task objectives 
for the previous period of interest , the system 100 may 
leverage previous results of previously seen optimization 
tasks as future forecast data points until the forecast data 
points are replaced by real results from current calculations . 
[ 0065 ] As another example , the forecasting module 120 
may be configured to receive real time input data that may 
be used to forecasts future global solutions and their impact 
on data entering the system 100 . For example , current 
weather conditions may be used to forecast future global 
solutions to optimization tasks related to water network 
optimization or precision agriculture . 
[ 0066 ] Optionally , the multi - state quantum optimization 
engine 100 may include a data quality module 116 . The data 
quality module 116 is configured to receive the input data 
102 and to analyze the input data 102 to determine a quality 
of the input data 102 . For example , the data quality module 
116 may score the received input data 102 with respect to 
one or more data quality measures , e . g . , completeness , 
uniqueness , timeliness , validity , accuracy or consistency . 
For example , in some implementations the system 100 may 
be configured to receive a data feed from an internet of 
things ( IoT ) sensor , e . g . , that tracks the position of an object 
or entity within an environment . If the data quality module 
116 determines that one of these objects or entities has 
moved an unrealistic distance in a particular period of time , 
the data quality module 116 may determine that the quality 
of the received data feed is questionable and that the data 
feed may need to be further analyzed or suspended . 
[ 0067 ] Each measure may be associated with a respective 
predetermined score threshold that may be used to determine 
whether data is of acceptable quality or not . For example , the 
data quality module 116 may determine that the input data 
102 is of an acceptable quality if the scored input data 102 
exceeds a majority of the predetermined score thresholds . 
[ 0068 ] If it is determined that the input data 102 is of an 
acceptable quality , the data quality module 116 may be 
configured to provide the input data 102 to an aggregation 
module 118 . The aggregation module 118 is configured to 
receive repeated data inputs , e . g . , including input data 102 , 
and to combine the data inputs . The aggregation module 118 
may be configured to provide combined data inputs to other 

components of the system 100 . For example , in some 
implementations the system 100 may include an IoT sensor 
that receives input data readings every 500 ms . Typically , the 
system 100 or an optimization task corresponding to the 
input data readings may only require that input data readings 
be received every 5 seconds . Therefore , in this example , the 
aggregation module 118 may be configured to combine and 
aggregate the input readings in order to generate a simpler , 
e . g . , low dimensional , data input . In some cases this may 
improve the efficiency of further calculations performed by 
the system 100 . 
[ 0069 ] If it is determined that the input data 102 is not of 
an acceptable quality the data quality module 116 may be 
configured to instruct the system 100 to process an alterna 
tive data input , e . g . , a data input that is an average from 
previous data inputs or extrapolated from the current data 
stream . Alternatively , if the accuracy of a particular data 
input is determined to be critical to the system ' s ability to 
perform one or more computations , the data quality module 
116 may be configured to enter an error condition . In these 
examples , the data quality module 116 may learn when and 
how to instruct the system 100 to process alternative data 
inputs through a machine learning training process . 
[ 0070 ] Optionally , the multi - state quantum optimization 
engine 100 may include an analytics platform 126 . The 
analytics platform 126 is configured to process received 
data , e . g . , input data 102 or data representing one or more 
local or global solutions to an optimization task , and provide 
analytics and actionable insights relating to the received 
data . 
[ 0071 ] Optionally , the multi - state quantum optimization 
engine 100 may include a workflow module 134 . The 
workflow module 134 may be configured to provide a user 
interface for assigning values to optimization task param 
eters , defining optimization task objectives , and managing 
the learning process by which the system 100 may be 
trained . The workflow module 134 may be further config 
ured to allow for users of the system 100 to coordinate on 
complex objective - related tasks such that the system 100 
may be used efficiently . The workflow module 134 may also 
be configured to allow for various levels of role - based 
access controls . For example , the workflow module 134 may 
be configured to allow a junior team member to modify 
some of the task objectives , but keeps them from modifying 
critical ones . In this manner , the workflow module 134 may 
reduce the likelihood that critical undesirable actions , such 
as the opening of large water mains in a water network , are 
avoided . 
[ 0072 ] FIG . 2 depicts an example global optimization 
engine 106 , as introduced above with reference to FIG . 1A . 
The example global optimization engine 106 includes a local 
optimization engine 108 and a comparison module 206 . As 
described above with reference to FIG . 1A , the global 
optimization engine 106 is in communication with at least 
one or more additional computing resources , e . g . , quantum 
computing resource 204 , and a database storing one or more 
task objectives , e . g . , data store 112 . 
[ 0073 ] During operation ( A ) , the global optimization 
engine 106 is configured to receive input data 102 specifying 
an optimization task to be solved , together with data repre 
senting one or more properties of the optimization task and 
parameters of the optimization task , as described above with 
reference to FIG . 1A . The input data may include static data 
and dynamic data . For example , continuing the example 
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optimization task of optimizing the design of a water net 
work described above with reference to FIG . 1A , during 
operation ( A ) , the global optimization engine 106 may 
receive dynamic data representing current readings of water 
pressures at various locations of the water network , and 
static data representing fluid dynamical characteristics of the 
fluid flowing through the network . 
10074 ) In some implementations the global optimization 
engine 106 may be configured to receive the input data 102 
directly , e . g . , in a form in which the input data 102 was 
provided to the multi - state quantum optimization engine 100 
as described above with reference to FIG . 1A . In other 
implementations the global optimization engine 106 may be 
configured to receive the input data 102 from another 
component of the multi - state quantum optimization engine 
100 , e . g . , from an integration layer 114 or data quality 
module 116 . 
[ 0075 ] The global optimization engine 106 is configured 
to provide the received input data 102 to the local optimi 
zation engine 108 . The local optimization engine 108 is 
configured to process the input data 102 to obtain one or 
more initial solutions to the optimization task based on local 
task objectives 112a included in the task objectives data 
store 112 . As described above with reference to FIG . 1A , 
initial solutions to the optimization task may include solu 
tions to sub - tasks of the optimization task . For example , 
initial solutions may include solutions that are optimal over 
a subset of parameters associated with the optimization task , 
or , in cases where the optimization task is a separable task 
that may be written as a sum of sub - tasks , solutions to the 
sub - tasks . 
10076 ) In some implementations , the local optimization 
engine 108 may be configured to process the input data 102 
to obtain one or more initial solutions to the optimization 
task by partitioning the optimization task into one or more 
sub - tasks . For example , as described above with reference to 
FIG . 1A , the local optimization engine 108 may be in data 
communication with a subgraph component 122 of the 
multi - state quantum optimization engine 100 , and may be 
configured to provide the subgraph component 122 with data 
representing the optimization task , and to receive data 
representing multiple minimally connected sub graphs rep 
resenting sub - tasks of the optimization problem . For each 
sub - task , the local optimization engine 108 may be further 
configured to identify local task objectives from the task 
objective data store 112 that are relevant to the sub - task . The 
local optimization engine 108 may then be configured to 
route data representing each sub - task with its respective 
identified local task objectives to respective computing 
resources included in the system . The computing resources 
included in the system may process received tasks using a 
first set of algorithms , e . g . , classical or quantum algorithms . 
At least one of the obtained one or more initial solutions may 
be obtained from a quantum computing resource , e . g . , 
quantum computing resource 204 . For example , the local 
optimization engine 108 may be configured to provide data 
specifying the optimization task and one or more local task 
objectives 112a to a quantum annealer . 
[ 0077 ] To solve an optimization task using a quantum 
annealer , e . g . , quantum computing resource 204 , quantum 
hardware 208 included in the quantum annealer may be 
constructed and programmed to encode a solution to the 
optimization task into an energy spectrum of a many - body 
quantum Hamiltonian H , that characterizes the quantum 

hardware 208 . For example , the solution maybe encoded in 
the ground state of the Hamiltonian H , . The quantum 
hardware 208 may be configured to perform adiabatic quan 
tum computation starting with an easy to prepare , known 
ground state of a known initial Hamiltonian H . Over time , as 
the known initial Hamiltonian H , evolves into the Hamilto 
nian for solving the problem Hy , the known ground state 
evolves and remains in the instantaneous ground state of the 
evolving Hamiltonian . The ground state of the Hamiltonian 
H , is obtained at the end of the evolution . The solution to the 
optimization task may then be readout by measuring the 
quantum hardware 208 . 
[ 0078 ] During operation ( B ) , the local optimization engine 
108 may be configured to provide the quantum annealer with 
data representing a sub - task of the optimization task 210 . 
For example , the local optimization engine 108 may apply 
local task objectives to the data received at stage ( A ) , and 
transmit data representing the complex task to the quantum 
computing resource 204 . 
[ 0079 ] In some implementations the local optimization 
engine 108 may be configured to communicate with the 
quantum computing resource 204 to determine physical 
connectivities and interactions that are available within the 
quantum hardware 208 in order to map the sub - task to a 
suitable Hamiltonian H , that may be implemented by the 
quantum hardware 208 of the quantum computing resource 
204 . The local optimization engine 108 may then be con 
figured to provide the quantum computing resource 204 with 
data representing the Hamiltonian H , . In other implemen 
tations , the quantum computing resource 204 may include 
one or more components that are configured to receive data 
representing a sub - task and one or more sub - task objectives , 
and to encode the received data into a suitable Hamiltonian 
that may be implemented by the quantum hardware 208 , 
e . g . , using a quantum compiler . 
[ 0080 ] During operation ( C ) , the global optimization 
engine 106 is configured to receive data representing the 
initial solution to the sub - task 212 , e . g . , a solution set for a 
local optimization task , from the quantum computing 
resource 204 . The global optimization engine 106 may be 
configured to make one or more calls to the comparison 
module 206 , reference the global task objectives 112b , or 
reference static data received during stage ( A ) of the process 
to determine a complex global optimization task to send to 
the quantum computing resource 214 . Continuing the 
example described above , examples of complex global opti 
mization tasks may include the task of determining which 
actions to take such that , at the end of a given time period , 
specific water pressures , mixtures , or total accumulated flow 
rates are achieved , based on current input data , forecast 
outcomes , historical outcomes and task constraints . 
Although not shown in FIG . 2 , the global optimization 
engine 106 is further configured to receive data representing 
initial solutions to other sub - tasks from other computing 
resources , e . g . , additional computing resources 110a - 110d , 
as described above with reference to FIG . 1A . 
[ 0081 ] To generate a global solution to the optimization 
task , during operation ( D ) the global optimization engine 
106 is configured to provide data representing the one or 
more initial solutions , e . g . , including data representing ini 
tial solution 212 , and data representing the optimization task 
to be solved to a second quantum computing resource 214 , 
e . g . , a second quantum annealer . The second quantum com 
puting resource 214 may process the received data using a 
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second set of algorithms , e . g . , classical or quantum algo 
rithms . In some cases , the second set of algorithms may 
differ to the first set of algorithms described above . For 
example , the first set of algorithms may include a first 
annealing schedule and the second set of algorithms may 
include a second annealing schedule that is different to the 
first annealing schedule . 
[ 0082 ] In some implementations , the global optimization 
engine 106 may be configured to provide additional data to 
the second quantum computing resource 214 . The additional 
data may include , but is not limited to , data representing 
global task objectives 112b , data representing previously 
generated global solutions to previously seen optimization 
tasks within a predetermined period of time , or data repre 
senting a forecast of global solutions to optimization tasks 
that may be seen during a remainder of the predetermined 
period of time . For example , the global optimization engine 
106 may provide the quantum computing resource with 
intermediate solutions to the optimization task as part of an 
iterative process for generating a final solution to the opti 
mization task . 
[ 0083 ] In some implementations the global optimization 
engine 106 may be configured to communicate with the 
second quantum computing resource 214 , e . g . , a second 
quantum annealer , to determine physical connectivities and 
interactions that are available within the quantum hardware 
218 in order to map the optimization task and additional data 
112b , 224 and 226 to a suitable Hamiltonian H ' , that may be 
implemented by the quantum hardware 218 of the second 
quantum computing resource 214 . The global optimization 
engine 106 may then be configured to provide the second 
quantum computing resource 214 with data representing the 
Hamiltonian H ' , . In other implementations , the quantum 
computing resource 214 may include one or more compo 
nents that are configured to receive data representing the 
optimization task and the additional data 212b , 224 and 226 , 
and to encode the received data into a suitable Hamiltonian 
that may be implemented by the quantum hardware 218 , 
e . g . , using a quantum compiler . 
[ 0084 ] The second quantum computing resource 214 may 
be configured to receive the data representing the one or 
more initial solutions 212 , optimization task to be solved , 
and additional data 112b , 224 , 226 , or to receive data 
representing a suitable Hamiltonian H ' , and to perform a 
quantum annealing schedule based on the received data in 
order to determine a global solution to the optimization task . 
[ 0085 ] In some implementations algorithms used by the 
second quantum computing resource 214 may be varied 
based on forecasted global solutions . For example , in some 
cases global task objectives associated with an optimization 
task may include a target global outcome of the global 
solution to the optimization task . Continuing the example of 
optimizing a water network , a target global outcome of a 
global solution may be that the global solution maximizes an 
amount of water processed by the network in a given unit of 
time . The global optimization engine 106 may therefore vary 
algorithms used by the second quantum computing resource 
( and / or in some cases vary the type of quantum computing 
resource ) based on the global target outcome , such that the 
second quantum computing resource 214 processes received 
initial solutions in a manner that iteratively guides a gener 
ated global solution towards the global target outcome . 
[ 0086 ] For example , the quantum multi - state optimization 
engine may perform a series of local calculations throughout 

a given time period , e . g . , one day , where each local calcu 
lation results in outcomes / actions that contribute to achiev 
ing a target global outcome at the end of the day . In some 
settings input data received by the quantum multi - state 
optimization engine may include dynamic data that changes 
over time , e . g . , dynamic data from IoT . In these settings , a 
choice of quantum computing resource or an algorithm used 
by a quantum computing resource at a beginning of the 
given time period may result in an output that is likely to 
achieve or contribute towards the target global outcome , 
however the same choice of quantum computing resource or 
algorithm used by a quantum computing resource at the end 
of the given time period may not result in an output that is 
likely to achieve or contribute towards the target global 
outcome . 
[ 0087 ] For example , a quantum annealing schedule used 
by a quantum annealer at the beginning of a given time 
period may include a first rate of change of transverse field 
strength or variable representing temperature . The first rate 
of change may depend on the input data and local solutions 
generated by the local optimization engine at the beginning 
of the time period . In some cases , the input data and local 
solutions generated by the local optimization engine at the 
end of the time period may differ significantly from the input 
data and local solutions generated by the local optimization 
engine at the beginning of the time period . For example , the 
amount of input data and / or number and complexity of local 
solutions may be larger . Therefore , to improve accuracy of 
the global solution obtained by the second quantum com 
puting resource , it may be beneficial to use a quantum 
annealing schedule with a second rate of change of trans 
verse field strength or variable representing temperature . For 
example , the second rate of change may be slower than the 
first rate of change . 
[ 0088 ] During operation ( E ) , the global optimization 
engine 106 is configured to receive data representing a 
global solution to the optimization task 222 from the second 
quantum computing resource 214 . In some implementations , 
during operation ( F ) , the global optimization engine 106 
may be configured to directly provide the data representing 
the global solution to the optimization task as output , e . g . , as 
output data 104 . In other implementations , the global opti 
mization engine 106 may be configured to provide the 
comparison module 206 with the data representing the 
global solution to the optimization task 222 . 
[ 0089 ] The comparison module 206 is configured to com 
pare the data representing the generated global solution to 
the optimization task 222 with data representing the global 
task objectives 112b to determine whether the generated 
global solution 222 sufficiently satisfies the global task 
objectives 112b . For example , the comparison module 206 
may be configured to apply a comparison function to the 
data representing the generated global solution 222 and the 
data representing the global task objectives 112b to generate 
a comparison score . The comparison module 206 may then 
be configured to compare the comparison score to a prede 
termined score threshold to determine whether the generated 
global solution 222 sufficiently satisfies the global task 
objectives 112b . 
[ 0090 ] During operation ( G ) , if the comparison module 
206 determines that the generated global solution 222 suf 
ficiently satisfies the global task objectives 112b , the com 
parison module may be configured to provide as output 104 
data representing the global solution 222 and , optionally 
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data representing the one or more initial solutions as 
obtained by the local optimization engine 108 , e . g . , data 
including data representing initial solution 212 . 
[ 0091 ] During operation , if the comparison module 206 
determines that the generated global solution 222 does not 
sufficiently satisfy the global task objectives 112b , the 
comparison module may be configured to generate modified 
global optimization engine input data , e . g . , a modified 
version of input data 102 . The modified input data may 
include ( i ) data specifying the optimization task to be solved , 
and ( ii ) modified local task objectives for solving the opti 
mization task . Modified input data includes input data , e . g . , 
input data 102 , that has been altered or biased in such a 
manner that a next iteration of computations performed by 
the system for solving the optimization task will better align 
with the global task objectives of the optimization task . 
[ 0092 ] To generate modified global optimization engine 
input data , the comparison module 206 may be configured to 
apply deep learning regularization techniques to the current 
input data to generate biased input data , e . g . , biased local 
task objectives . This may include applying one or more 
dropout algorithms which selectively block optimization 
task parameters . 
[ 0093 ] For example , continuing the example optimization 
task of optimizing the design of a water network , an example 
optimization task parameter may include a total number of 
available pipes in the water network . Initially , received input 
data 102 may include data specifying that there are 2000 
pipes available in the water network , whereas data specify 
ing the global task objectives for the optimization task may 
specify that a maximum of 1000 pipes are to be used . If a 
generated global solution to the optimization task specifies 
that 1500 pipes are to be used in an optimal design of the 
water network , the comparison module may be configured to 
determine that the generated global solution does not suffi 
ciently satisfy the global task objectives , and may generate 
modified global optimization engine input data for the 
optimization task . For example , the comparison module may 
selectively block or fix one or more optimization task 
parameters , e . g . , including the number of available water 
pipes . Alternatively or in addition , the comparison module 
may bias the input data , e . g . , bias the input data such that it 
specifies that there are 1200 pipes available in the water 
network instead of 2000 . 
[ 0094 ] The global optimization engine 106 may be con 
figured to process the modified input data as described above 
with reference to operations ( B ) - ( E ) . For example , the global 
optimization engine 106 may be configured to process the 
modified input data to obtain one or more modified solutions 
to the optimization task based on the modified local task 
objectives . The global optimization engine 106 may then be 
configured to process the generated one or more modified 
solutions using the second quantum computing resource 214 
to generate a modified global solution to the optimization 
task based on the global task objectives 112b . When it is 
determined that a generated global solution sufficiently 
satisfies the global task objectives 112b , the comparison 
module 206 may be configured to provide as output 104 data 
representing the global solution and , optionally data repre 
senting the one or more corresponding initial solutions as 
obtained by the local optimization engine 108 . An iterative 
process for generating a global solution and one or more 
local solutions to an optimization task is described in more 
detail below with reference to FIG . 4 . 

Programming the Hardware 
[ 0095 ] FIG . 3 is a flowchart of an example process 300 for 
solving an optimization task using a system including mul 
tiple computing resources , where the multiple computing 
resources include at least one quantum computing resource . 
For convenience , the process 200 will be described as being 
performed by a system of one or more classical or quantum 
computing devices located in one or more locations . For 
example , an optimization engine , e . g . , the multi - state quan 
tum optimization engine 100 of FIG . 1A , appropriately 
programmed in accordance with this specification , can per 
form the process 300 . 
[ 0096 ] The system receives input data including ( i ) data 
specifying the optimization task to be solved , and ( ii ) data 
specifying task objectives for solving the optimization task 
( step 302 ) . The input data may include both static data and 
dynamic data . The task objectives for solving the optimiza 
tion task include local task objectives and global task 
objectives . For example , as described above with reference 
to FIG . 1A , the optimization task may be the task of 
optimizing the design of a network , e . g . , a water network . In 
this example , the data specifying the optimization task to be 
solved may include details about the network , e . g . , a total 
number of available water pipes , connectors or tanks or a 
total network capacity . Local task objectives may include 
constraining the values of respective water pressures in each 
pipe , or constraining the values of a concentration of chemi 
cals in the water . Global task objectives may include con 
straining an amount of water wastage or specifying a target 
distributing rate . 
10097 ] . As another example , the optimization task may be 
the task of optimizing a cancer radiotherapy treatment , e . g . , 
minimizing collateral damage of radiotherapy treatment to 
tissue and body parts surrounding a tumor . In this example , 
the data specifying the optimization task to be solved may 
include details about the treatment , e . g . , where a tumor is 
located , types of surrounding tissue , types of surrounding 
body parts , strength of treatment . Local task objectives may 
include constraining the strength of the treatment or speci 
fying an area of the body , e . g . , the ocular nerve , which 
should not be affected by the treatment . Global task objec 
tives may include administering a particular amount or 
strength of treatment . Other example optimization tasks may 
occur in areas such as machine learning , protein folding , 
sampling / Monte Carlo , information security , pattern recog 
nition , image analysis , systems design , precision agriculture , 
scheduling , and bioinformatics . 
0098 ] The system processes the received input data to 

obtain one or more initial solutions to the optimization task 
based on the local task objectives , i . e . , one or more local 
solutions ( step 304 ) . At least one of the initial solutions is 
obtained from a first quantum computing resource . As 
described above with reference to FIGS . 1A and 1B , local 
solutions to an optimization task may include solutions to 
sub - tasks of the optimization task . For example , local solu 
tions may include solutions that are optimal over a subset of 
the parameters associated with the optimization task , e . g . , 
where the subset is specified by the local task objectives . As 
another example , in cases where the optimization task is a 
separable task , e . g . , a task that may be written as the sum of 
multiple sub - tasks , local solutions may include optimal 
solutions to each of the sub - tasks in the sum of sub - tasks , 
e . g . , where the sub - tasks are specified by the local task 
objectives . In some implementations the local solutions may 
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be probabilistic solutions , e . g . , probability distributions over 
one or more parameters associated with the optimization 
task 
10099 ] For example , continuing the first example above , 
local solutions to the task of optimizing a water network may 
include optimal values for a subset of parameters associated 
with the optimization task , e . g . , optimal values for water 
pressures in one or more water pipes , or an optimal con 
centration of chemicals in the water in the network , or 
optimal values for all parameters in a portion of the water 
network . In addition , continuing the second example above , 
local solutions to the task of optimizing a cancer radio 
therapy treatment may include optimal values for a subset of 
parameters associated with the optimization task , e . g . , opti 
mal values for a strength of treatment , or optimal values for 
all parameters when applied to a specific region of a 
patient ' s body . 
[ 0100 ] In some implementations , the system may process 
the received input data to generate one or more initial local 
solutions to the optimization task by partitioning the opti 
mization task into one or more sub - tasks . For example , the 
system may represent the optimization task as a graph of 
nodes and edges , and partition the graph into multiple 
minimally connected sub graphs to assist computational 
processing of the sub - tasks . 
[ 0101 ] The system may then , for each sub - task , identify 
local task objectives relevant to the sub - task and route ( i ) the 
sub - task , and ( ii ) the identified local task objectives , to 
respective computing resources included in the system . The 
system obtains respective solutions to each of the sub - tasks 
from the respective computing resources included in the 
system . 
0102 ] The system processes the generated one or more 

initial solutions using a second quantum computing resource 
to generate a global solution to the optimization task based 
on the global task objectives ( step 306 ) . As described above 
with reference to FIG . 1A , a global solution to an optimi 
zation task may include parameter values that , when imple 
mented in a system corresponding to the optimization task , 
provide a highest likelihood that the system achieves the one 
or more global task objectives . In some implementations , 
parameter values specified by local solutions to the optimi 
zation task may be the same as parameter values specified by 
a global solution . In other implementations , parameter val 
ues specified by local solutions may differ from parameter 
values specified by a global solution . 
[ 0103 ] In some implementations , the system may process 
the generated one or more initial local solutions to obtain a 
global solution to the optimization task based on the global 
task objectives by processing the generated one or more 
initial local solutions together with additional data . The 
additional data may include ( i ) data representing obtained 
global solutions to previously received optimization tasks 
within a predetermined time frame , ( ii ) data representing a 
forecast of future received optimization tasks within a 
remaining predetermined time frame , or ( iii ) data represent 
ing a solution to the optimization task that is independent of 
the global task objectives . Including such additional data 
may increase the computational accuracy of the system and 
produce better global solutions , e . g . , when compared to 
global solutions generated based on one or more initial local 
solutions and global task objectives only . 
[ 0104 ] In some implementations , the second quantum 
computing resource may be a quantum annealer . In these 

implementations , the global solution to the optimization task 
may be encoded into an energy spectrum of a problem 
Hamiltonian characterizing the quantum annealer . To gen 
erate the global solution , the quantum annealer may follow 
a quantum annealing schedule based on the one or more 
initial local solutions , and optionally the additional data . 
[ 0105 ] The generated global solution may be used to 
determine one or more actions to be taken in a system 
corresponding to the optimization task , i . e . , one or more 
adjustments to system parameter values . In some cases , 
adjusting each system parameter may be practically impos 
sible . In these cases it may be more practical to determine 
one or more local actions to be taken in local areas of the 
system corresponding to the optimization task , i . e . , one or 
more adjustments to a subset of system parameter values , 
where the local actions are also based on global task 
objectives . Generating one or more local solutions to an 
optimization task based on one or more global task objec 
tives is described in more detail below with reference to 
FIG . 4 . 
[ 0106 ] FIG . 4 is a flow diagram of an example iteration of 
generating one or more local solutions to an optimization 
task based on one or more global task objectives . For 
convenience , the process 400 will be described as being 
performed by a system of one or more classical or quantum 
computing devices located in one or more locations . For 
example , an optimization engine , e . g . , the multi - state quan 
tum optimization engine 100 of FIG . 1A , appropriately 
programmed in accordance with this specification , can per 
form the process 400 . 
[ 0107 ] The system compares a generated global solution 
to the optimization task with the global task objectives to 
determine whether the generated global solution sufficiently 
satisfies the global task objectives ( step 402 ) . For example , 
the system may be configured to apply a comparison func 
tion to data representing the generated global solution and 
data representing the global task objectives . Based on the 
result of the comparison function , the system may score the 
generated global solution . If the score exceeds a predeter 
mined score threshold , the system may determine whether 
the global solution sufficiently satisfies the global task 
objectives or not . 
0108 ] In response to determining that the generated 
global solution sufficiently satisfies the global task objec 
tives , the system provides as output , data representing the 
one or more initial solutions to the optimization task ( step 
404 ) . As described above with respect to FIGS . 1 and 3 , data 
representing the one or more initial solutions to the optimi 
zation task may be used to determine one or more actions to 
take in the system for which the optimization task is speci 
fied . For example , the initial solutions may correspond to 
local task objectives on a subset of optimization task param 
eters , e . g . , a subset of accessible , tunable parameters . Taking 
actions based on the one or more initial solutions may 
therefore include adjusting the subset of parameters based 
on the one or more initial solutions . Due to the specific 
system architecture and process described above with ref 
erence to FIGS . 1 - 3 , taking actions based on the one or more 
initial solutions enables the system for which the optimiza 
tion task is defined to achieve or come closer to achieving 
the global task objectives . 
[ 0109 ] [ 000110 ] In response to determining that the gen 
erated global solution does not sufficiently satisfy the global 
task objectives , the system generates modified input data 
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comprising ( i ) data specifying the optimization task to be 
solved , and ( ii ) modified local task objectives for solving the 
optimization task ( step 406 ) . Generating modified global 
optimization engine input data may include applying deep 
learning regularization techniques to current input data 
specifying the optimization task and task objectives to 
generate biased input data , e . g . , biased local task objectives . 
This may include applying one or more dropout algorithms 
which selectively block optimization task parameters , as 
described above with reference to FIG . 2 . 
[ 0110 ] The system processes the received modified input 
data to obtain one or more modified solutions to the opti 
mization task based on the modified local task objectives 
( step 408 ) . For example , the system may perform operations 
as described with reference to step 304 of FIG . 3 above . 
[ 0111 ] The system processes the generated one or more 
modified solutions using the second quantum computing 
resource to generate a modified global solution to the 
optimization task based on the global task objectives ( step 
410 ) . For example , the system may perform operations as 
described with reference to step 306 of FIG . 3 above . 
[ 0112 ] The system may be configured to iteratively per 
form steps 402 - 410 until , at step 402 , it is determined that 
the generated global solution for the iteration sufficiently 
satisfies the global task objectives . 
[ 0113 ] Implementations of the digital and / or quantum sub 
ject matter and the digital functional operations and quantum 
operations described in this specification can be imple 
mented in digital electronic circuitry , suitable quantum cir 
cuitry or , more generally , quantum computational systems , 
in tangibly - embodied digital and / or quantum computer soft 
ware or firmware , in digital and / or quantum computer hard 
ware , including the structures disclosed in this specification 
and their structural equivalents , or in combinations of one or 
more of them . The term “ quantum computational systems ” 
may include , but is not limited to , quantum computers , 
quantum information processing systems , quantum cryptog 
raphy systems , or quantum simulators . 
[ 0114 ] Implementations of the digital and / or quantum sub 
ject matter described in this specification can be imple 
mented as one or more digital and / or quantum computer 
programs , i . e . , one or more modules of digital and / or quan 
tum computer program instructions encoded on a tangible 
non - transitory storage medium for execution by , or to con 
trol the operation of , data processing apparatus . The digital 
and / or quantum computer storage medium can be a 
machine - readable storage device , a machine - readable stor 
age substrate , a random or serial access memory device , one 
or more qubits , or a combination of one or more of them . 
Alternatively or in addition , the program instructions can be 
encoded on an artificially - generated propagated signal that is 
capable of encoding digital and / or quantum information , 
e . g . , a machine - generated electrical , optical , or electromag 
netic signal , that is generated to encode digital and / or 
quantum information for transmission to suitable receiver 
apparatus for execution by a data processing apparatus . 
[ 0115 ] The terms quantum information and quantum data 
refer to information or data that is carried by , held or stored 
in quantum systems , where the smallest non - trivial system is 
a qubit , i . e . , a system that defines the unit of quantum 
information . It is understood that the term " qubit " encom - 
passes all quantum systems that may be suitably approxi 
mated as a two - level system in the corresponding context . 
Such quantum systems may include multi - level systems , 

e . g . , with two or more levels . By way of example , such 
systems can include atoms , electrons , photons , ions or 
superconducting qubits . In many implementations the com 
putational basis states are identified with the ground and first 
excited states , however it is understood that other setups 
where the computational states are identified with higher 
level excited states are possible . The term " data processing 
apparatus ” refers to digital and / or quantum data processing 
hardware and encompasses all kinds of apparatus , devices , 
and machines for processing digital and / or quantum data , 
including by way of example a programmable digital pro 
cessor , a programmable quantum processor , a digital com 
puter , a quantum computer , multiple digital and quantum 
processors or computers , and combinations thereof . The 
apparatus can also be , or further include , special purpose 
logic circuitry , e . g . , an FPGA ( field programmable gate 
array ) , an ASIC ( application - specific integrated circuit ) , or a 
quantum simulator , i . e . , a quantum data processing appara 
tus that is designed to simulate or produce information about 
a specific quantum system . In particular , a quantum simu 
lator is a special purpose quantum computer that does not 
have the capability to perform universal quantum computa 
tion . The apparatus can optionally include , in addition to 
hardware , code that creates an execution environment for 
digital and / or quantum computer programs , e . g . , code that 
constitutes processor firmware , a protocol stack , a database 
management system , an operating system , or a combination 
of one or more of them . 
[ 0116 ] A digital computer program , which may also be 
referred to or described as a program , software , a software 
application , a module , a software module , a script , or code , 
can be written in any form of programming language , 
including compiled or interpreted languages , or declarative 
or procedural languages , and it can be deployed in any form , 
including as a stand - alone program or as a module , compo 
nent , subroutine , or other unit suitable for use in a digital 
computing environment . A quantum computer program , 
which may also be referred to or described as a program , 
software , a software application , a module , a software 
module , a script , or code , can be written in any form of 
programming language , including compiled or interpreted 
languages , or declarative or procedural languages , and trans 
lated into a suitable quantum programming language , or can 
be written in a quantum programming language , e . g . , QCL 
or Quipper . 
[ 0117 ] A digital and / or quantum computer program may , 
but need not , correspond to a file in a file system . A program 
can be stored in a portion of a file that holds other programs 
or data , e . g . , one or more scripts stored in a markup language 
document , in a single file dedicated to the program in 
question , or in multiple coordinated files , e . g . , files that store 
one or more modules , sub - programs , or portions of code . A 
digital and / or quantum computer program can be deployed 
to be executed on one digital or one quantum computer or on 
multiple digital and / or quantum computers that are located 
at one site or distributed across multiple sites and intercon 
nected by a digital and / or quantum data communication 
network . A quantum data communication network is under 
stood to be a network that may transmit quantum data using 
quantum systems , e . g . qubits . Generally , a digital data 
communication network cannot transmit quantum data , 
however a quantum data communication network may trans 
mit both quantum data and digital data . 



US 2018 / 0365586 A1 Dec . 20 , 2018 

[ 0118 ] The processes and logic flows described in this 
specification can be performed by one or more program 
mable digital and / or quantum computers , operating with one 
or more digital and / or quantum processors , as appropriate , 
executing one or more digital and / or quantum computer 
programs to perform functions by operating on input digital 
and quantum data and generating output . The processes and 
logic flows can also be performed by , and apparatus can also 
be implemented as , special purpose logic circuitry , e . g . , an 
FPGA or an ASIC , or a quantum simulator , or by a combi 
nation of special purpose logic circuitry or quantum simu 
lators and one or more programmed digital and / or quantum 
computers . 
[ 0119 ] For a system of one or more digital and / or quantum 
computers to be " configured to ” perform particular opera 
tions or actions means that the system has installed on it 
software , firmware , hardware , or a combination of them that 
in operation cause the system to perform the operations or 
actions . For one or more digital and / or quantum computer 
programs to be configured to perform particular operations 
or actions means that the one or more programs include 
instructions that , when executed by digital and / or quantum 
data processing apparatus , cause the apparatus to perform 
the operations or actions . A quantum computer may receive 
instructions from a digital computer that , when executed by 
the quantum computing apparatus , cause the apparatus to 
perform the operations or actions . 
[ 0120 ] Digital and / or quantum computers suitable for the 
execution of a digital and / or quantum computer program can 
be based on general or special purpose digital and / or quan 
tum processors or both , or any other kind of central digital 
and / or quantum processing unit . Generally , a central digital 
and / or quantum processing unit will receive instructions and 
digital and / or quantum data from a read - only memory , a 
random access memory , or quantum systems suitable for 
transmitting quantum data , e . g . photons , or combinations 
thereof . 
[ 0121 ] The essential elements of a digital and / or quantum 
computer are a central processing unit for performing or 
executing instructions and one or more memory devices for 
storing instructions and digital and / or quantum data . The 
central processing unit and the memory can be supple 
mented by , or incorporated in , special purpose logic circuitry 
or quantum simulators . Generally , a digital and / or quantum 
computer will also include , or be operatively coupled to 
receive digital and / or quantum data from or transfer digital 
and / or quantum data to , or both , one or more mass storage 
devices for storing digital and / or quantum data , e . g . , mag 
netic , magneto - optical disks , optical disks , or quantum sys 
tems suitable for storing quantum information . However , a 
digital and / or quantum computer need not have such 
devices . 
[ 0122 ] Digital and / or quantum computer - readable media 
suitable for storing digital and / or quantum computer pro 
gram instructions and digital and / or quantum data include all 
forms of non - volatile digital and / or quantum memory , media 
and memory devices , including by way of example semi 
conductor memory devices , e . g . , EPROM , EEPROM , and 
flash memory devices ; magnetic disks , e . g . , internal hard 
disks or removable disks ; magneto - optical disks ; CD - ROM 
and DVD - ROM disks ; and quantum systems , e . g . , trapped 
atoms or electrons . It is understood that quantum memories 
are devices that can store quantum data for a long time with 
high fidelity and efficiency , e . g . , light - matter interfaces 

where light is used for transmission and matter for storing 
and preserving the quantum features of quantum data such 
as superposition or quantum coherence . 
[ 0123 ] Control of the various systems described in this 
specification , or portions of them , can be implemented in a 
digital and / or quantum computer program product that 
includes instructions that are stored on one or more non 
transitory machine - readable storage media , and that are 
executable on one or more digital and / or quantum process 
ing devices . The systems described in this specification , or 
portions of them , can each be implemented as an apparatus , 
method , or system that may include one or more digital 
and / or quantum processing devices and memory to store 
executable instructions to perform the operations described 
in this specification . 
[ 0124 ] While this specification contains many specific 
implementation details , these should not be construed as 
limitations on the scope of what may be claimed , but rather 
as descriptions of features that may be specific to particular 
implementations . Certain features that are described in this 
specification in the context of separate implementations can 
also be implemented in combination in a single implemen 
tation . Conversely , various features that are described in the 
context of a single implementation can also be implemented 
in multiple implementations separately or in any suitable 
sub - combination . Moreover , although features may be 
described above as acting in certain combinations and even 
initially claimed as such , one or more features from a 
claimed combination can in some cases be excised from the 
combination , and the claimed combination may be directed 
to a sub - combination or variation of a sub - combination . 
[ 0125 ) Similarly , while operations are depicted in the 
drawings in a particular order , this should not be understood 
as requiring that such operations be performed in the par 
ticular order shown or in sequential order , or that all illus 
trated operations be performed , to achieve desirable results . 
In certain circumstances , multitasking and parallel process 
ing may be advantageous . Moreover , the separation of 
various system modules and components in the implemen 
tations described above should not be understood as requir 
ing such separation in all implementations , and it should be 
understood that the described program components and 
systems can generally be integrated together in a single 
software product or packaged into multiple software prod 
ucts . 
[ 0126 ] Particular implementations of the subject matter 
have been described . Other implementations are within the 
scope of the following claims . For example , the actions 
recited in the claims can be performed in a different order 
and still achieve desirable results . As one example , the 
processes depicted in the accompanying figures do not 
necessarily require the particular order shown , or sequential 
order , to achieve desirable results . In some cases , multitask 
ing and parallel processing may be advantageous . 
What is claimed is : 
1 . A method for solving an optimization task using a 

system including multiple computing resources , the method 
comprising : 

receiving input data comprising ( i ) data specifying system 
parameters of the optimization task to be solved , and 
( ii ) data specifying task objectives for solving the 
optimization task , comprising one or more local task 
objectives and one or more global task objectives ; 
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processing , by a local optimization engine , the received 
input data to obtain one or more initial solutions to the 
optimization task based on the local task objectives ; 
and 

processing , by a global optimization engine , the one or 
more initial solutions using a second quantum comput 
ing resource to generate a global solution to the opti 
mization task based on the global task objectives , 
comprising : 
transmitting , from the global optimization engine and 

to the quantum computing resource , ( i ) data repre 
senting the one or more obtained initial solutions to 
the optimization task , and ( ii ) the received data 
specifying the optimization task to be solved , and 
e ( iii ) data representing the one or more global task 
objectives ; and 

receiving , from the quantum computing resource and at 
the global optimization engine , data representing the 
global solution to the optimization task . , 

comparing , using a comparison module , the data repre 
senting the global solution to the one or more global 
task objectives to determine whether the global solution 
satisfies the one or more global task objectives ; and 

adjusting values of the system parameters using the 
generated global solution to the optimization task . 

2 . The method of claim 1 , wherein the local optimization 
engine comprises a classical processor . 

3 . The method of claim 2 , wherein processing , by the local 
optimization engine , the received input data to obtain one or 
more initial solutions to the optimization task based on the 
local task objectives , comprises : 

transmitting , using a router , from the local optimization 
engine and to the classical processor , ( i ) the received 
data specifying the optimization task to be solved , and 
( ii ) data representing one or more of the local task 
objectives ; and 

receiving , from the classical processor and at the local 
optimization engine , data representing an initial solu 
tion to the optimization task . 

4 . The method of claim 3 , wherein the router is configured 
to determine which computations to outsource to the clas 
sical processor . 

5 . The method of claim 1 , further comprising comparing , 
by a comparison module , the generated global solution to the 
optimization task with the global task objectives to deter 
mine whether the generated global solution sufficiently 
satisfies the global task objectives . 

6 . The method of claim 5 , further comprising : 
in response to determining that the generated global 

solution sufficiently satisfies the global task objectives , 
providing as output data representing the one or more 
initial solutions to the optimization task . 

7 . The method of claim 5 , further comprising , in response 
to determining that the generated global solution does not 
sufficiently satisfy the global task objectives : 

generating , by the comparison module , modified input 
data comprising ( i ) data specifying the optimization 
task to be solved , and ( ii ) modified local task objectives 
for solving the optimization task ; 

processing , by the local optimization engine , the modified 
input data to obtain one or more modified solutions to 
the optimization task based on the modified local task 
objectives ; and 

processing , by the global optimization engine , the gener 
ated one or more modified solutions using the quantum 
computing resource to generate a modified global solu 
tion to the optimization task based on the global task 
objectives . 

8 . The method of claim 7 , wherein generating modified 
input data comprises applying deep learning regularization 
techniques to the received input data to generate biased input 
data . 

9 . The method of claim 1 , wherein processing the received 
input data to generate one or more initial local solutions to 
the optimization task comprises : 

partitioning , by a subgraph module , the optimization task 
into one or more sub - tasks ; and 

for each sub - task : 
identifying local task objectives relevant to the sub 

task ; 
routing ( i ) the sub - task , and ( ii ) the identified local task 

objectives to respective computing resources 
included in the system ; and 

obtaining a respective solution to the sub - tasks from the 
respective computing resources included in the sys 
tem . 

10 . The method of claim 9 , wherein partitioning the 
optimization task into one or more sub - tasks comprises 
representing the optimization task as a graph and partition 
ing the graph into minimally connected sub graphs . 

11 . The method of claim 9 , wherein processing the 
generated one or more initial local solutions to obtain a 
global solution to the optimization task based on the global 
task objectives further comprises processing , by the global 
optimization engine , the generated one or more initial local 
solutions and additional data comprising one or more of : 

( i ) data representing obtained global solutions to previ 
ously received optimization tasks within a predeter 
mined time frame , 

( ii ) data representing a forecast of future received opti 
mization tasks within a remaining predetermined time 
frame , 

( iii ) data representing a solution to the optimization task 
that is independent of the global task objectives , 

to obtain the global solution to the optimization task based 
on the global task objectives . 

12 . The method of claim 1 , wherein the quantum com 
puting resource is a quantum annealer . 

13 . The method of claim 12 , wherein the global solution 
to the optimization task based on the global task objectives 
is encoded into an energy spectrum of a problem Hamilto 
nian characterizing the quantum annealer . 

14 . The method of claim 13 , wherein processing the 
generated one or more initial local solutions to obtain a 
global solution to the optimization task comprises perform 
ing a quantum annealing schedule task based on at least the 
data representing a forecast of future received optimization 
tasks within a remaining predetermined time frame . 

15 . The method of claim 1 , wherein 
processing the received input data to obtain one or more 

initial solutions to the optimization task based on the 
local task objectives comprises performing a first set of 
algorithms ; 

processing the generated one or more initial solutions 
using the quantum computing resource to generate a 
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global solution to the optimization task based on the 
global task objectives comprises performing a second 
set of algorithms ; and 

the first set of algorithms is different to the second set of 
algorithms . 

16 . The method of claim 1 , wherein the received input 
data specifying task objectives for solving the optimization 
task comprise static data and real - time data . 

17 . A system of multiple computing resources , compris 
ing : 

one or more classical processors ; 
one or more quantum computing resources ; 
wherein the one or more classical processors and one or 
more quantum computing resources are configured to 
perform operations comprising : 
receiving input data comprising ( i ) data specifying 

system parameters of an optimization task to be 
solved , and ( ii ) data specifying task objectives for 
solving the optimization task , comprising one or 
more local task objectives and one or more global 
task objectives ; 

processing , by a local optimization engine , the received 
input data to obtain one or more initial solutions to 
the optimization task based on the local task objec 
tives , wherein at least one initial solution is obtained 
from a first quantum computing resource ; and 

processing , by a global optimization engine , the one or 
more initial solutions using a quantum computing 
resource to generate a global solution to the optimi 
zation task based on the global task objectives , 
comprising : 
transmitting , from the global optimization engine 
and to the quantum computing resource , ( i ) data 
representing the one or more obtained initial solu 

tions to the optimization task , and ( ii ) the received 
data specifying the optimization task to be solved , 
and ( iii ) data representing the one or more global 
task objectives ; and 

receiving , from the quantum computing resource and 
at the global optimization engine , data represent 
ing the global solution to the optimization task ; 

comparing , using a comparison module , the data rep 
resenting the global solution to the one or more 
global task objectives to determine whether the 
global solution satisfies the one or more global task 
objectives ; and 

adjusting values of the system parameters using the 
generated global solution to the optimization task . 

18 . The system of claim 17 , wherein the local optimiza 
tion engine comprises a classical processor . 

19 . The system of claim 17 , wherein the one or more 
quantum computing resources comprises one or more of ( i ) 
quantum gate computers , ( ii ) quantum annealers , or ( iii ) 
quantum simulators . 

20 . The system of claim 18 , wherein processing , by the 
local optimization engine , the received input data to obtain 
one or more initial solutions to the optimization task based 
on the local task objectives , comprises : 

transmitting , using a router , from the local optimization 
engine and to the classical processor , ( i ) the received 
data specifying the optimization task to be solved , and 
( ii ) data representing one or more of the local task 
objectives ; and 

receiving , from the classical processor and at the local 
optimization engine , data representing an initial solu 
tion to the optimization task . 

* * * * * 


